Eddy covariance (EC) measurements are often used to validate net ecosystem productivity (NEP) estimated from satellite remote sensing data and biogeochemical models. However, EC measurements represent an integrated flux over their footprint area, which usually differs from respective model grids or remote sensing pixels. Quantifying the uncertainties of scale mismatch associated with gridded flux estimates by upscaling single EC tower NEP measurements to the grid scale is an important but not yet fully investigated issue due to limited data availability as well as knowledge of flux variability at the grid scale. The Heihe Watershed Allied Telemetry Experimental Research (HiWATER) Multi-Scale Observation Experiment on Evapotranspiration (MUSOEXE) built a flux observation matrix that includes 17 EC towers within a 5 km × 5 km area in a heterogeneous agricultural landscape in northwestern China, providing an unprecedented opportunity to evaluate the uncertainty of upscaling due to spatial representative differences at the grid scale. Based on the HiWATER-MUSOEXE data, this study evaluated the spatial representativeness and uncertainty of EC CO 2 flux measurements for upscaling to the grid scale using a scheme that combines a footprint model and a model-data fusion method. The results revealed the large spatial variability of gross primary productivity (GPP), ecosystem respiration (Re), and NEP within the study site during the growing season from 10 June to 14 September 2012. The variability of fluxes led to high variability in the representativeness of single EC towers for grid-scale NEP. The systematic underestimations of a single EC tower may reach 92(±11)%, 30(± 11)%, and 165(±150)% and the overestimations may reach 25(±14)%, 20(±13)%, and 40(±33)% for GPP, Re, and NEP, respectively. This finding suggests that remotely sensed NEP at the global scale (e.g., MODIS products) should not be validated against single EC tower data in the case of heterogeneous surfaces. Any systematic bias should be addressed before upscaling EC data to grid scale. Otherwise, most of the systematic bias may be propagated to grid scale due to the scale dependence of model parameters. A systematic bias greater than 20% of the EC measurements can be corrected effectively using four indicators proposed in this study. These results will contribute to the understanding of spatial representativeness of EC towers within a heterogeneous landscape, to upscaling carbon fluxes from the footprint to the grid scale, to the selection of the location of EC towers, and to the reduction in the bias of NEP products by using an improved parameterization scheme of remote-sensing driven models, such as VPRM.
Introduction
Carbon dioxide, as an important greenhouse gas, plays a vital role in regulating the Earth's surface temperature through radiative forcing and the greenhouse effect. Atmosphere carbon dioxide has increased by ~40% since 1750 (Ballantyne et al., 2012) , with a pronounced increase in the past ten years (IPCC, 2013) . Vegetation productivity is one of the main sinks of atmospheric CO 2 . Net ecosystem production (NEP) is the net rate of carbon accumulation within an ecosystem. It is defined as the difference between the amount of carbon (C) removed from the atmosphere in the form of carbon dioxide through photosynthesis and the loss of carbon through the respiration of vegetation and soil. The quantification of NEP indicates whether an ecosystem is a net sink or source of atmospheric CO 2 . Positive NEP indicates the ecosystem is a carbon sink, while negative NEP indicates the ecosystem is a carbon source.
Eddy covariance (EC) instruments, remote sensing-based models, and biogeochemical models are three main methods to quantify the NEP of terrestrial ecosystems. The EC technique is considered one of the most direct and appropriate ways to measure and calculate turbulent fluxes of CO 2 on a local scale (Burba, 2013; Wang et al., 2015) . Remote sensing-based models, on the other hand, provide quantitative estimates of spatially continuous NEP, which can be used to evaluate the spatial patterns and seasonal to inter-annual variability of carbon sources/sinks (Kimball et al., 2009; Sasai et al., 2011) . However, remote sensing is an indirect measurement and is associated with large uncertainty (Chasmer et al., 2009; Coops et al., 2007; Kwon and Larsen, 2012; Turner et al., 2006; Zhang et al., 2012) . Biogeochemical models use process understanding obtained from past measurements within ecosystems to predict future ecosystem dynamics given a range of different driving mechanisms and contributing factors. Model uncertainty often varies as a result of model structure, boundary conditions, and parameterization schemes (Huntzinger et al., 2012; Mitchell et al., 2009; Randerson et al., 2009) . Currently, EC measurements are important for both the calibration and validation of NEP estimated using biogeochemical models and those driven using remote sensing data (Heinsch et al., 2006; Luo et al., 2011; Raupach et al., 2005; Verma et al., 2014; Wang et al., 2009; Weng et al., 2011) . However, EC measurements represent an integrated flux over their footprint area, which may not match the scale of the respective model grids or remote sensing pixels. It is therefore important to address the potential uncertainty related to spatial and temporal scaling as this may significantly alter the suitability of EC tower data for the evaluation and calibration of estimates derived from remotely sensed data and biogeochemical models (Göckede et al., 2008 (Göckede et al., , 2010 .
Errors in EC observations can be decomposed into measurement error and representativeness error (Lasslop et al., 2008; Li, 2014; Raupach et al., 2005) . In general, part of measurement errors can be minimized by calibrating instruments and by data processing techniques such as averaging flux values (Wang et al., 2015) , while representativeness error may be dominant at a grid scale (Chasmer et al., 2009; Raupach et al., 2005) . We therefore focus on representativeness error in this study. Here, the representativeness error of the EC measurements is relative to the grid scale. The representativeness error is affected by measurement height, surface roughness and thermal stability associated with the heterogeneity of vegetation structural and disturbance patterns (Burba, 2001; Chasmer et al., 2011; Chen et al., 2009; Göckede et al., 2010; Raupach et al., 2005) . EC systems are usually set up within relatively homogeneous ecosystems, where the spatial variability of the vegetation structural characteristics is minimal to reduce uncertainty. However, heterogeneity is inevitable within complex and fragmented landscapes, such as those found in semi-arid agro-ecosystems in western China.
The spatial representativeness of EC flux measurements at the grid scale in complex and fragmented landscapes is still not completely understood, mainly due to limited available EC data within the grid area. The related studies are rather limited and most of them are based on single tower data. For example, Barcza et al. (2009) quantified the spatial representativeness of tall tower-based EC measurements at a height of 82 m within a heterogeneous landscape by combining footprint analysis and land cover classification. These authors found that the source region distribution of fluxes was very similar from year to year. This means that the spatial representativeness is temporally stable. Chasmer et al. (2009) proposed a method to derive the spatial representativeness of EC measurements relative to a 1-km resolution from the Moderate Resolution Imaging Spectroradiometer (MODIS) pixel using a structure-based gross primary production (GPP) model. In addition, Chasmer et al. (2011) examined the relationship between the spatial frequency of the 3-D vegetation attributes within the MODIS pixel and the EC footprint, and found that the comparability of the flux data obtained from the EC measurements and the MODIS pixel may depend on the relationship of the vegetation structure. Further, Xiao et al. (2011) estimated parameters for upscaling the EC flux to a regional scale using a single EC tower and found that the model parameters estimated from a single site are not representative of the parameter values for a given plant functional type. This means that parameter heterogeneity exists within plant functional types defined at a coarse scale. Consequently, plant functional types need to be defined at a fine resolution, and the associated spatial representativeness of EC flux measurements should be evaluated. The above-mentioned studies have touched on some key aspects for evaluating the spatial representativeness or representativeness error of EC flux measurements, and provide an important basis for more detailed research. Their main limitation is that they are based on strong underlying assumptions and few measurements, which reduces the reliability of the conclusions drawn.
An extensive grid-based flux matrix was constructed in a fragmented agro-ecosystem in western China as part of the Heihe Watershed Allied Telemetry Experimental Research (HiWATER)--Multi-Scale Observation Experiment on Evapotranspiration (MUSOEXE) over a heterogeneous land surface Liu et al., 2016) . This constitutes a component of the integrated study of the water-ecosystem-economy in the Heihe River Basin (Cheng et al., 2014) . Compared with previous campaigns, such as BOREAS (Boreal Ecosystem-Atmosphere Study) (Sellers et al., 1995) , CASES-99 (Cooperative Atmosphere-Surface Exchange Study-1999) (Poulos et al., 2002 ), SGP97 (Southern Great Plains-1997 (Twine et al., 2000) , IHOP 2002 (International H2O Project) (Weckwerth et al., 2004) , LITFASS-2003 (Lindenberg Inhomogeneous Terrain-Fluxes between Atmosphere and Surface: a long-term study) (Beyrich and Mengelkamp, 2006) , and BEAREX-08 (Bushland Evapotranspiration and Agricultural Remote Sensing Experiment-2008) (Anderson et al., 2012) , the flux matrix of HiWATER-MUSOEXE includes 17 EC towers within a 5 km×5 km area and thus provides the first opportunity to evaluate the representativeness of the towers with respect to grid-scale carbon fluxes. The grid-based tower setup can be used to reveal the spatial heterogeneities of carbon fluxes, to determine scaling effects and to provide ground truth data for the improvement of remote sensing-based models and scaling approaches for carbon fluxes over heterogeneous land surfaces.
The goals of this study are to use an EC grid-based deployment methodology to quantify the uncertainty of grid-scale NEP estimation resulting from the representativeness of a single EC tower and to explore the tools that can reduce this uncertainty. The specific objectives are to (1) evaluate the representativeness of single tower data for long-term grid-scale carbon flux estimates; (2) assess the influence of the representativeness of a heterogeneous vegetation structure within the EC footprint on NEP at the grid scale; and (3) explore the uncertainty of the representativeness for upscaling NEP flux tower data to the grid scale using a model-data fusion method. The findings of this study will contribute to an understanding of the spatial representativeness of EC towers within a heterogeneous landscape for upscaling carbon fluxes from the footprint to the grid scale, to the site selection for the location of EC towers, and to the validation and improvement of NEP modeling.
Study sites and data

Site description
The HiWATER-MUSOEXE flux matrix was established in the Zhangye oasis in the central reach of the Heihe River Basin. The Zhangye oasis is located in the central part of the Hexi corridor in the arid region of northwestern China (Figure 1 ). This region has an arid continental climate, and the mean annual temperature is approximately 7 ºC. The mean annual precipitation is 117 mm, with distinct seasonal variation, and the mean annual potential evaporation is 2390 mm (Li and Zhao, 2010) . This agro-ecosystem is dependent on irrigation. The irrigation water is mainly sourced from the Heihe River and groundwater. In 2006, the exploitation of groundwater was 3.59×10 8 m 3 , of which 3.06×10 8 m 3 was used for agricultural irrigation. The core experimental area of HiWATER-MUSOEXE is nearly flat. The main soil texture is silt (67.67%) and the mean organic matter content is 1.65%. This region is one of the main corn production areas of China. In 2012, the dominant vegetation in the flux matrix area consisted of corn (67%), vegetables (7%), orchard species (3%), and shelter forest (3%). The other major land cover types are residential areas (10%) and roads (9%). 
HiWATER-MUSOEXE
HiWATER was designed as a comprehensive ecohydrological experiment implemented in the Heihe River Basin --an inland river watershed Xu et al., 2013) . As a component of HiWATER, MUSOEXE was implemented to reveal the spatial heterogeneities of carbon and water flux by constructing a flux matrix from May to September 2012. The matrix includes 17 EC systems together with automatic weather stations that were installed in the core experimental area (5 km × 5 km) according to the underlying surface characteristics, i.e., the distribution of crop type, windbreak forest, residential area, soil moisture, and irrigation status. In this way, the maximum heterogeneity in carbon flux over the entire experimental area (5 km × 5 km) can be captured. Airborne VNIR (visible and near infrared) imaging spectrometers, i.e., the Compact Airborne Spectrographic Imager (CASI) and the Shortwave Infrared Airborne Spectrographic Imager (SASI), were used to measure the leaf area index (LAI), fraction of PAR (FPAR), fraction of vegetation cover (FVC), and land surface temperature (LST). Airborne LiDAR and CCD cameras were used to measure the vegetation structure and to estimate the aerodynamic roughness. Approximately 180 wireless soil moisture sensors were used to capture the spatiotemporal variations in soil moisture across the heterogeneous land surface (Jin et al., 2014) . A more detailed description of HiWATER-MUSOEXE can be found in Liu et al. (2016) .
EC measurements and data processing
In this study, EC data from 17 towers within the 5 km × 5 km area were used. The details of these EC systems are shown in Table 1 . The sensor height was selected depending on the underlying land cover type. Daily NEP (-NEE) values were derived from 10 June to 14 September 2012.
The consistency of all EC systems and data quality were ensured by the following steps. First, the consistency of the EC instruments was tested during an inter-comparison campaign in the flat, open Gobi desert, over a surface covered by coarse grain sand and small pebbles with withered sparse scrub vegetation. This campaign was completed before HiWATER-MUSOEXE was conducted . Second, all raw data were acquired at 10 Hz and processed using the EdiRe software package (http://www.geos.ed.ac.uk/homes/rclement/micromet/EdiRe/). The processing included spike removal (Højstrup, 1993) , lag time correction (McMillen, 1988) , coordinate rotation (Wilczak et al., 2001) , frequency response correction (Moore, 1986) , sonic virtual temperature correction (Schotanus et al., 1983) , a non-steady state test, an integral turbulence test (Foken and Wichura, 1996) , WPL correction (Webb et al., 1980) , and averaging to half-hourly fluxes. Third, quality control of the half-hourly flux data output from EdiRe was carried out as suggested by Liu et al. (2011) and Blanken et al. (1998) . Fourth, empirical gap filling was applied. The missing daytime data were gap-filled using the 'look-up' table method (Falge et al., 2001) , which is based on empirical relationships between NEE, air temperature and incident PAR determined for each site. The missing nighttime data were estimated using the van't Hoff equation (Zhang et al., 2015) . Finally, the gap-filled half-hourly NEE data were aggregated to daily values using a sum function.
Ecosystem respiration (Re) was obtained by summing nighttime NEE and daytime estimates of Re. The latter was estimated based on the nighttime NEE-temperature relationship derived using the van't Hoff equation (Lloyd and Taylor, 1994) . The daily GPP was calculated as NEP+Re. GPP and Re were used to determine the dominant factor affecting the observed variability of NEP. 
Mapping land cover type
Assessing the influence of heterogeneous vegetation structure on EC fluxes and the representativeness of EC towers requires high spatial and thermal resolution information of the land cover type. In this study, a land cover type map with a 1-m spatial resolution was used. The map was derived from airborne hyperspectral imagery (CASI system) and the Canopy Height Model (CHM) data from airborne LiDAR acquired during the growing season using an object-based classification method. The accuracy of the land cover type map is higher than 90%. More details on the map can be found in Liu and Bo (2015) .
Acquisition of satellite remote sensing data
Remotely sensed data at high spatial and temporal resolution are needed for upscaling EC-based NEP measurements to the grid scale. However, it is difficult to acquire appropriate remotely sensed data with both high spatial and temporal resolution due to current technical limitations. Landsat imagery with a 30-m spatial resolution is well suited for characterizing landscape-level vegetation structure, but offers only a 16-day revisit cycle that is often increased by cloud contamination. In contrast, MODIS has a higher temporal resolution, but a coarser spatial resolution. In this study, high temporal resolution Landsat-like data were used, which were produced by blending Landsat and MODIS data using algorithms as suggested by Zhu et al. (2010) .
Five cloud-free scenes of Landsat 7 ETM+ images (20120624, 20120710, 20120811, 20120827, and 20120912) and fifteen eight-day MODIS Terra reflectance products (MOD09A1) with a spatial resolution of 500 m over the period from 1 June to 21 September 2012 were obtained from the USGS (US Geological Survey) GLOVIS portal (http://glovis.usgs.gov/). Gaps in the five acquired scenes of the Landsat 7 ETM+ SLC-off data were filled using a Neighborhood Similar Pixel Interpolator (NSPI) proposed by Chen et al. (2011) . Then, the Landsat images were georeferenced and atmospherically corrected using the Fast Line-of-sight Atmospheric Analysis of Spectral Hyper cubes (FLAASH) model implemented in the ENVI software. The MODIS data were reprojected to the Universal Transverse Mercator (UTM) projection using the MODIS reprojection tool, resampled to a 30-m spatial resolution using a nearest neighbor approach, and clipped to the extent of the available Landsat images. Finally, the Landsat-like data with an 8-day interval were produced by blending the Landsat and MODIS data using the Enhanced Spatial and Temporal Adaptive Reflectance Fusion Model (ESTARFM) of Zhu et al. (2010) .
Methodology
The overall framework for evaluating the spatial representativeness of the EC carbon flux measurements and the uncertainty associated with upscaling NEP from the tower scale to the grid scale includes four aspects ( Figure 2) . First, the spatial representativeness of the single tower EC flux measurements relative to the source area of the 17 EC towers was evaluated by conducting temporal stability analysis. This approach was first proposed by Vachaud et al. (1985) and later successfully used to evaluate the temporal stability of soil moisture (Schneider et al., 2008) . The approach assumes that the mean grid soil moisture can be represented by single measurements selected from a larger measurement volume (Schneider et al., 2008) . Recently, this method was used to analyze the temporal and spatial patterns of carbon dioxide fluxes (Kreba et al., 2013) . The second aspect was to determine the influence of landscape structure on the representativeness of the EC towers by analyzing the relationship of the EC representativeness and the high-resolution land cover type fraction within the footprint area. Then, some indicators were proposed based on the relationship of the land cover type fraction between the footprint area of the EC towers and the grid, and were used to improve the representativeness of the EC flux measurements. We assumed that in an agricultural landscape, environmental factors are dominated by land cover type because factors such as temperature, soil moisture, and even atmospheric turbulence characteristics are highly correlated with land cover structure in a cropland landscape (Baldocchi and Ma, 2013) . Finally, the original EC flux data and representativeness-corrected EC flux data at the 17 sites were upscaled to the grid scale using the model-data fusion method. The mean of 17 grid-scale NEP estimates based on corrected EC flux data was defined as a reference to examine the uncertainty of the representativeness error associated with the estimation of NEP at the grid scale and to determine the ability of the proposed indicators to reduce the representativeness error. Details on this approach are provided in the following sections. 
Evaluation of the representativeness of the EC flux observations
For the temporal stability method, the representativeness of the CO 2 fluxes measured by each EC tower was determined by the mean relative difference (MRD) and standard deviation of the MRD (SDMRD). The MRD is defined as
where j i S , is the jth sample at the ith tower of n EC sites within the grid (n=17 in this study), and j S is the mean carbon flux calculated across all towers over a given time j ( j =1 to t). The SDMRD is calculated as follows:
The MRD quantifies the systematic bias of the CO 2 fluxes at each tower location with respect to the grid mean of the 17 EC footprints. Any EC tower with an MRD close to zero is considered to have a small systematic bias to represent NEP at the grid scale. In practice, once an EC tower is installed at a designated location, it is not easily moved. The ability of a particular tower to unbiasedly capture the mean flux at the grid scale over a long-term period is very important. The SDMRD characterizes the precision of the bias. A small SDMRD indicates low variance of the representativeness. If a tower has both small MRD and SDMRD, it can be concluded that it accurately and precisely represents the mean grid-scale carbon flux over long time periods. Consequently, Jacobs et al. (2004) proposed a root mean square error (RMSE) that quantifies the representativeness of a specific location by combining the MRD and SDMRD as follows:
Footprint modeling
The contribution of each land cover type to the measured flux was assessed using the footprint parameterization method of Kljun et al. (2015) , which is an updated version of the previous parameterization developed by Kljun et al. (2004) . This parameterization is based on the backward Lagrangian stochastic footprint model LPDM-B (Kljun et al., 2002) and is one of a limited number of footprint approaches that is applicable within or above the surface layer; consequently, this parameterization can be used for convective, neutral and stable stratification of the boundary layer.
The footprint parameterization was run on turbulence data (half-hourly temporal resolution) from each of the EC towers at the study site. The roughness lengths and zero-plane displacement heights were interpolated from weekly measurements of the canopy height at all study sites using the ratios suggested by Grimmond and Oke (1999) and Kaimal and Finnigan (1994) . The half-hourly footprint estimates were combined with land cover type determined from the LiDAR/optical data fusion classification, and the footprint-weighted land cover contributions were summed and normalized over 24-hour periods. Subsequently, the 80% daily footprint contours were used.
VPRM Model
VPRM is a satellite data-based light use efficiency model that uses remotely sensed indices and meteorological variables to estimate NEP (Mahadevan et al., 2008) . VPRM is based on the Vegetation Photosynthesis Model (VPM) of Xiao et al. (2004a Xiao et al. ( , 2004b , combined with ecosystem respiration (R) to provide NEP estimates. In VPRM, NEP is derived as
where, λ , 0 PAR , α , and β are the four model parameters, namely, the product of the maximum quantum yield, the radiation scale factor, the temperature sensitivity factor, and the model offset, respectively. These parameters were derived from the flux tower data. Photosynthetically active radiation (PAR) and air temperature (T) were measured at all flux tower sites. The Enhanced Vegetation Index (EVI) was derived from synthetic Landsat ETM+ images as suggested by Huete et al. (1997) . (Raich et al., 1991) :
where Tmin, Tmax, and Topt are minimum, maximum, and optimal temperatures (℃), respectively, for photosynthesis. Topt was set to 20℃.
For scale P , LSWI (Land Surface Water Index) was used to identify phenology (Boles et al., 2004; Xiao et al., 2004a 
Estimating the VPRM parameters
Following Chen et al. (2010), we estimated the VPRM model parameters (cf. Section 3.3) by minimizing the differences between the modeled and EC-measured NEP, i.e., by minimizing the cost function: , and EVI, were integrated from blended-Landsat pixels to the footprint area using the mean values because the Landsat resolution (30-m) does not match the EC scale. We adopted a gradient-based algorithm (Levenberg-Marquardt algorithm) to solve Equation (8). The four VPRM parameters were optimized using the data from the 17 EC flux towers. Then, the 17 site-specific parameter groups were used to estimate the regionally gridded NEP for the study site. Finally, for each parameter group, the mean modeled NEP within the 5 km × 5 km area was compared with the arithmetic mean NEP measured at the 17 EC towers.
The representativeness error of each EC site was evaluated using the Pearson correlation coefficient (R), the mean difference (MD), and the standard deviation of the MD (SDMD).
Improving the representativeness of the EC NEP measurement
To improve the representativeness of the EC measurements, an indicator as a proxy for the MRD of the EC towers is needed. In this study, we used four indices to improve the representativeness of the EC measurements based on the difference in the mean EVI (DMEVI) and fraction of land cover type (LCfrac) between each EC footprint area and the total footprint area for all 17 EC towers. These indices include the DMEVI, the LCfrac, the estimated MRD based on the DMEVI ( (9) to (11). For positive NEP land cover types, i.e., vegetation, such as corn and trees, Equation (9) was used, whereas Equation (10) was used for negative or zero NEP land cover types, such as roads and buildings. The contribution to NEP varies among the different land cover types. In practice, if prior knowledge of this contribution is available, it should be used as a weighting factor to estimate this index. In general, a land cover type with a larger absolute NEP should be assigned a higher weight. The equations used are as follows: where F is the fraction of land cover type for the study site or the footprint area of an EC tower, and W is the weighting factor of each land cover type. The W of each land cover type, i.e., 0.3 (corn), 0.06 (orchard, trees), 0.01 (leek, lettuce, cauliflower, nursery, potato, watermelon), 0.02 (pepper), and 0.25 (buildings, roads), used in this study was determined by expert knowledge. The result is only sensitive to the order of absolute NEP and is not sensitive to the exact weight for a specific land cover type.
Results and discussion
Spatial variability of NEP, Re, and GPP
Knowledge of the spatial and temporal variability of NEP, Re, and GPP during a study period is essential for understanding the representativeness of EC measurements at the grid scale. The arithmetic mean and standard deviation of NEP, Re, and GPP calculated from the 17 EC towers at the study site are shown in Figure 3 .
Large variability in GPP, Re, and NEP (error bars in Figure 3 ) was found among the 17 EC towers during the growing season from 10 June to 14 September 2012. The variability increased with an increase in GPP and NEP. This result was expected as the difference between vegetated and non-vegetated fluxes increases with vegetation growth. The within-site variability was almost constant after the corn canopies reached a ceiling (DOY: 190), followed by a decrease after the crop harvest (DOY: 240). The fluctuations may have been caused by disturbance from the de-tasseling process of the seed corn from DOY 220 to 230. The large variability found within the study site, i.e., kilometer-sized pixels that are usually expressed as a single cropland type at the global scale, indicates the significant impact of sub-pixel-scale crop type on the grid-mean GPP and NEP.
Precipitation and irrigation are key factors for photosynthesis, and hence crop growth was sustained during the growing season from June to September. However, GPP, Re, and NEP were reduced during precipitation events due to limited concurrent incoming radiation and low temperature (Figure 3) . Within the study area, more than 5000 individual fields were irrigated daily on an individual basis according to the crop water requirements and the water-usage agreements among approximately 6 village groups and 51 villages. The impact of irrigation variability on the process feedbacks associated with GPP, Re, and NEP is complex (Borken and Matzner, 2009; Jabro et al., 2008) , but enhanced photosynthesis and increased net CO 2 uptake were generally observed during the first half of the growing season. 
Representativeness of EC tower measurements
The large variability of GPP, Re, and NEP within the study site raises the question of whether some EC towers are more representative than others with respect to the footprint area NEP of all EC towers. The answer is yes. The MRD, SDMRD, and RMSE for GPP, Re, and NEP are presented in Figure 4 . EC towers with MRDs greater than zero would systematically overestimate the mean area value, and those below zero would underestimate it. These systematic underestimations reached 92(±11)%, 30(±11)%, and 165(±150)% in extreme cases for GPP, Re, and NEP, respectively. The overestimations reached 25(±14)%, 20(±13)%, and 40(±33)% for GPP, Re, and NEP, respectively. EC04, EC01, and EC17 were the least representative for both GPP and NEP as the dominating underlying surface type within their footprint area was residential, vegetables, and orchards, respectively, which differed from the dominant underlying surface type (corn) of the study area. However, EC01 and EC17 were representative for Re as their Re was comparable to corn sites. This was expected as Re had a lower spatial variability than GPP and NEP, as shown in Section 4.1. Variability in Re existed mainly between vegetation and non-vegetation sources, in contrast to GPP and NEP, for which variability existed among different vegetation types, including vegetable plots, orchards and corn. For example, even for EC towers that appeared to have the same crop type within the footprint area (all towers except EC04, EC01, and EC17 were associated with the same dominant underlying surface type, i.e., corn), the representativeness error of the EC towers was significantly large. The representativeness error resulting from small-scale variability of GPP and NEP illustrates the necessity to improve the understanding of the representativeness of EC towers and the potential usefulness of high resolution (spatial and temporal resolution) land cover type information.
The most representative towers (smallest RMSE) for GPP, Re, and NEP at the study site were EC09, EC10, and EC05, respectively ( Figure 4 , Table 2 ). Relative to the mean value calculated from the 17 towers, the representativeness error (MD) of EC09, EC10, and EC05 for GPP, Re, and NEP was 1.74(±2.55), 0.98(±2.09), and 1.25(±2.48) g CO 2 m −2 d −1 , respectively (Table 2) . Although the representativeness differed for GPP, Re, and NEP, the correlation coefficient of the RMSE index of NEP and GPP or Re was significant, i.e., 0.95 and 0.75, respectively. This shows that the dynamics of NEP were more strongly correlated with the dynamics of GPP than with Re. These findings further illustrate that NEP was dominated by rapid increases in GPP in the study area.
Therefore, although EC is considered as the most direct NEP observation tool at the ecosystem scale, for heterogeneous land cover types it may be problematic to validate remotely sensed NEP products at the global scale by direct comparison. This results from the different fractions of land cover types within the EC footprint and the respective grid. Clarification of the relationship of the fraction of land cover type between the EC footprint area and the study site is useful not only for the selection of the optimal EC location but also for upscaling EC-based NEP to a pixel scale to validate remotely sensed NEP products. Note: four statistical indices were used to evaluate the representativeness of each EC site: the Pearson correlation coefficient (R), root mean square error (RMSE), the mean difference (MD), and the standard deviation of the MD (SDMD). See text for more details. The units of the last three indices are g CO 2 m −2 d −1 .
Characteristics of tower representativeness and the correction of representativeness
The relationship between the tower characteristics and representativeness is presented in Figure 5 . This relationship shows that high representativeness is indicated by small differences in the fraction of land cover type or mean EVI between the footprint of an individual EC tower and the footprint of all EC towers. As shown in Figure 5a , both the DMEVI and LCfrac correlated well with the MRD, with correlation coefficients of 0.95 and 0.93, and RMSEs of 0.03 and 0.04, respectively. Based on these correlations, the DMEVI and LCfrac can be used as direct proxies for the MRD or to estimate the ' E MRD and ' F MRD using Equations (13) and (14), although further validation of the relationship between the MRD and the DMEVI and LCfrac is needed. With respect to the four indices presented above, a negative index indicates that the EC measurement systematically underestimates the grid-mean NEP, and a positive index points to overestimation. This information can be used to correct the representativeness of the original EC NEP measurements using Equation (15). closer to the MRD than the DMEVI. This will be further discussed in the next section. This over-correction may be due to uncertainties in measurements, data processing, and its inherent inconsistency. For example, for EC05 and EC08, the sensor was within the roughness sublayer during the growing season, and hence there was considerable uncertainty associated with the flux measurements, and the footprint model was applied outside its limits. Additional factors, such as the heterogeneity of soil temperature and soil moisture within a land cover type, may also cause inconsistency. Further, the coefficient of the simple relationship was only verified at this study site; it may be related to heterogeneity at a sub-grid scale and this needs to be verified in other heterogeneous landscapes.
Impact of the representativeness of EC measurements with respect to estimating grid-scale NEP
Upscaling the EC NEP measurements from the 17 towers using a model-data fusion method resulted in 17 estimates of grid-scale NEP. As depicted in Figure 6a, tower, the mean MD of the NEP between the measured and modeled value was 6.83(±3.56) g CO 2 m −2 d −1 . This difference further highlights that even 17 towers within a 5 km × 5 km study area do not necessarily represent the true NEP at the grid scale. The EC measurements need to be upscaled before remotely sensed NEP products or NEP estimated using ecosystem models are validated against them. These findings also show that parameters of VPRM depend on the scale and spatial heterogeneity. The parameters of VPRM estimated using the 17 EC towers at a similar landscape scale exhibited significant spatial variability due to differences in the fraction of land cover type within the tower footprints. The essence of scale dependence of the VPRM parameters is associated with the variability of the parameters. Therefore, the key component of the upscaling process is to obtain representative parameters that are naturally related to the spatial heterogeneity of the target grid, i.e., the representativeness of the EC measurement with respect to the grid scale. This also highlights that the mean parameter groups are specific to each land cover type. This is common practice in current land surface models or remote sensing-based models. The parameter are determined at a sub-pixel scale based on limited EC measurements, which are then interpolated to the pixel scale according to a coarse land cover map and may result in significant bias in NEP estimation at a regional scale because the heterogeneity of land cover type is ignored at the sub-grid scale. The uncertainty of scale mismatch between remote sensing-based NEP products and reference data may result in a greater uncertainty when validating results. Figure 6 . Impact of representativeness of EC measurements for upscaling NEP to the grid scale (a) Upscaled using original EC data; (b) Upscaled using corrected EC data using LCfrac; (c) Upscaled using corrected EC data using MRD F ).
Most of the 17 grid-scale NEP values modeled using the model-data fusion method were improved by correcting the representativeness of the corresponding EC measurements from the 17 sites using the LCfrac, DMEVI, MRD' F , and MRD' E proxies calculated for the footprint of each tower relative to the grid area (5 km × 5 km area). Here, we focus on LCfrac and MRD' F , as DMEVI and MRD' E showed similar behavior. The modeled grid-scale NEPs based on the model-data fusion method and the corrected EC measurements using LCfrac and MRD' F are shown in Figure 6b and Figure 6c , respectively. Compared with the modeled NEPs using the original EC measurements (Figure 6a) section. This over-correction can be quantified using a reduced MD (the difference in the mean MD of the modeled grid NEP of the 17 sites and the corresponding mean grid NEP between the original and corrected EC measurements), as shown in Figure 7 . The corrected EC measurements using LCfrac and MRD' F differed; this is related to the representativeness of the EC towers (i.e., the MRD). For EC towers with lower representativeness (larger absolute value of MRD), such as EC04, EC01, EC17, EC13, and EC10, MRD' F produced the best correction, but may also result in a negative reduced MD, i.e., an opposite effect for small MRD EC measurements (Figure 7 ). Although the reduced MD using LCfrac was smaller than that using MRD' F , the negative effect using LCfrac was also small. Therefore, for EC NEP measurements with an MRD greater than 45%, i.e., LCfrac and DMEVI larger than 10%, the best correction can be achieved with MRD' F and MRD' E , and 80% of the MRD can be removed. For EC measurements with an MRD between 20% and 45% (LCfrac and DMEVI between 5% and 10%), the best correction can be achieved using LCfrac and DMEVI, and 20% of the MRD can be removed. For EC measurements with an MRD smaller than 20% (LCfrac and DMEVI smaller than 5%), the MRD cannot be corrected due to various uncertainties. 
Summary and Conclusions
We evaluate the representativeness of eddy covariance (EC) flux towers for grid scale ( 5 km × 5 km in this study) NEP of an agricultural landscape in northwestern China based on HiWATER-MUSOEXE. An EC flux observation matrix including 17 EC towers within the study site was used to test the effect of spatial representativeness and uncertainty of EC tower flux measurements on grid-scale NEP modeling using a model-data fusion method that integrated remote sensing data and footprint model results. We found that: (1) The temporal and spatial variability of NEP was dominated by the variability in GPP as well as by landscape fragmentation of the land cover type within the footprints. The significant surface heterogeneity led to a large systematic error when using a single EC tower to monitor long-term NEP changes at the grid scale. The overestimation of NEP may exceed 40(±33)% even if the tower appears to be located within a dominant underlying surface of the study area. (2) Even if there are 17 EC towers within a 5 km × 5 km area, their arithmetic mean cannot represent the mean NEP at the grid scale because the land cover structure within the tower footprint area is biased. The bias is significant with a mean difference of approximately 5.9 g CO 2 m
. This suggests that EC measurements should be upscaled to the corresponding grid scale before using them to validate NEP products from satellite imagery or biogeochemical models. (3) The systematic bias of EC measurements should be corrected before upscaling using a data-model fusion approach. Alternatively, most of the systematic bias may be propagated to the grid scale due to the scale dependence of the model parameters. (4) A systematic bias of EC measurements greater than 20% can be corrected using the four indicators proposed in this study. These include the difference in the mean EVI (DMEVI) and fraction of land cover type (LCfrac) between the footprint area of the EC tower and the grid area, the estimated MRD based on DMEVI, and the estimated mean relative difference (MRD) based on LCfrac.
The findings of this study suggest that the parameters of both remote sensing-based models and biogeochemical models calibrated by EC measurements with low spatial representativeness exhibit scale mismatch with pixel or model grid. The scale mismatch parameters may lead to a large systematic error in estimated grid-scale NEP. The temporal-spatial variability and scale dependency of model parameters require a strong parameterization scheme to improve the accuracy of NEP modeling. If the measurement of pure NEP for a specific land cover type is available, the fraction of land cover type based on high-resolution land cover mapping or the fraction of vegetation cover has potential to be combined into a parameterization scheme of a remote sensing-based model, such as VPRM, to correct the bias associated with NEP modeling. This also will benefit from finer spatial resolution land cover mapping, such as the global land cover map that is already available at a 30-m resolution (Ran and Li, 2015) , or a higher resolution land cover dataset in the future.
